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BrazilFor the two of the most important agricultural commodities, soybean and corn, remote sensing plays a
substantial role in delivering timely information on the crop area for economic, environmental and policy
studies. Traditional long-term mapping of soybean and corn is challenging as a result of the high cost of
repeated training data collection, the inconsistency in image process and interpretation, and the difficulty
of handling the inter-annual variability of weather and crop progress. In this study, we developed an
automated approach to map soybean and corn in the state of Paraná, Brazil for crop years 2010–2015.
The core of the approach is a decision tree classifier with rules manually built based on expert interaction
for repeated use. The automated approach is advantageous for its capacity of multi-year mapping with-
out the need to re-train or re-calibrate the classifier. Time series MODerate-resolution Imaging
Spectroradiometer (MODIS) reflectance product (MCD43A4) were employed to derive vegetation phenol-
ogy to identify soybean and corn based on crop calendar. To deal with the phenological similarity
between soybean and corn, the surface reflectance of the shortwave infrared band scaled to a phenolog-
ical stage was used to fully separate the two crops. Results suggested that the mapped areas of soybean
and corn agreed with official statistics at the municipal level. The resultant map in the crop year 2012 was
evaluated using an independent reference data set, and the overall accuracy and Kappa coefficient were
87.2% and 0.804 respectively. As a result of mixed pixel effect at the 500 m resolution, classification
results were biased depending on topography. In the flat, broad and highly-cropped areas, uncultivated
lands were likely to be identified as soybean or corn, causing over-estimation of cropland area. By con-
trast, scattered crop fields in mountainous regions with dense natural vegetation tend to be overlooked.
For future mapping efforts, it has great potential to apply the automated mapping algorithm to other
image series at various scales especially high-resolution images.
 2016 The Authors. Published by Elsevier B.V. on behalf of International Society for Photogrammetry and
Remote Sensing, Inc. (ISPRS). This is an open access article under the CC BY license (http://creativecom-
mons.org/licenses/by/4.0/).1. Introduction
Soybean and corn are two of the most important commodities
in the global crop market. Quantitative and spatially-explicit infor-
mation of soybean and corn is of great value to investment, market
forecast and resource management in the agricultural sector. For
the vast cropland in North and South America, soybean and corn
are fundamental components in the study of land cover and land
use change which affects social welfare (Chavas and Holt, 1996;
Qaim and Traxler, 2005), carbon and water cycles (Drinkwateret al., 1998; Anderson et al., 2004; Hill et al., 2006), and biological
conservation (Soares et al., 2006; Mosier et al., 2006). Detailed
information of the planting area can be incorporated into crop
yield models to improve the yield estimate (Xin et al., 2013;
Johnson, 2014; Sakamoto et al., 2014; Lobell et al., 2015). Also,
the planting area is a useful input to a range of models and studies
involving various natural, sociological and economic factors
(Howard and Wylie, 2014). Examples include agricultural expan-
sion (Turner et al., 2007; Lambin and Meyfroidt, 2011), the interac-
tion between agriculture and environment (Rounsevell et al., 2003;
DeFries et al., 2004; Sakamoto et al., 2009), the trend of farming
intensification and bioenergy use (Wang et al., 2014), global food
security (Thenkabail et al., 2009), and the impact of climate change
on agricultural water demand. All these social-economic and
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corn maps regularly, reliably and timely at low cost.
For major soybean and corn production areas, a variety of land
cover products is available at multiple spatial scales. Global prod-
ucts provide the global distribution of cropland (Friedl et al., 2002;
Arino et al., 2008; Monfreda et al., 2008; Ramankutty et al., 2008;
Pittman et al., 2010; Portmann et al., 2010; Gong et al., 2013).
However, cropland was usually considered as one or a few general
categories, and information about individual crop types was not
derived directly from remote sensing classification (Yu et al.,
2013; B. Wu et al., 2014). Crop-specific mapping of soybean and
corn was often conducted at regional scale, mostly focusing on
US Corn Belt (Wardlow et al., 2007; Wardlow and Egbert, 2008;
Ozdogan and Gutman, 2008; Boryan et al., 2011; Howard and
Wylie, 2014) and the tropical and temperate plains in South Amer-
ica (Vieira et al., 2000; Sugawara et al., 2008; Epiphanio et al.,
2010; Arvor et al., 2011, 2012; Mercante et al., 2012; Gusso
et al., 2012; Wachholz de Souza et al., 2013; Brown et al., 2013;
dos Santos et al., 2014). All of these products were based on the
spectral features of land cover classes in certain phases using
supervised or unsupervised classification methods. The algorithms
of these land cover datasets relied on image-specific statistics,
training data collection and visual interpretation. As a result, these
algorithms may be subject to low cross-year repeatability and con-
sistency and the high cost of human labor. Although in many exist-
ing studies the stages of plant development were considered, for
example, to select the imaging date with the greatest separability,
time-related measurements were not explicitly employed to
improve the cross-year repeatability. In South America, the imple-
mentation of a classifier to separate corn and soybean over multi-
ple years is especially challenging because of the difficulty of
repeatedly collecting reference data that are temporally consistent.
Conventional supervised classification divides all pixels in an
image into classes based on training data which are usually a sub-
set of the image. Results are image- or time-specific and additional
reference data collection and training are required when the
method is applied to other periods. The need of mapping cropland
rapidly, consistently and repeatedly calls for an automated map-
ping algorithm. When completed and published, an automated
algorithm provides trained rules that are ready to be used directly
by other researchers, and its application could be repeated year
after year without re-calibration or re-training (Macdonald and
Hall, 1980; Badhwar, 1984; Thenkabail et al., 2009; Pena-
Barragan et al., 2011; Z. Wu et al., 2014; Zhang et al., 2015). In
the long run, an automated mapping algorithm could produce con-
sistent cropland cover at very low cost (Lucas et al., 2007; Waldner
et al., 2015). Although the long-term application is effective and
economical, at the development stage, the automated algorithm
requires substantial expert input and image analysis to isolate
type-specific properties from inter-annual and inter-region vari-
ability. Applying automated algorithms to the identification of
individual specific crop types remains a challenge. The difference
in spectral signals between crops can be trivial or observable only
at certain development stages (Reis and Tasdemir, 2011). The pro-
cess is overwhelming to human labor especially when a large set of
time series is used as the input to the classification algorithm,
which is often the case for multi-temporal classification nowadays.
The use of phenology from multi-temporal images plays an
important role in crop classification (Friedl et al., 1999; Knight
et al., 2006; Evans and Geerken, 2006; Geerken, 2009). The identi-
fication of crop classes may benefit from phenological information
either by employing phenological transitions to interpret multi-
temporal profiles, study the seasonal dynamic of separability and
select the optimum imaging date for classification, which is an
essential step of many existing efforts (Lloyd, 1990; Simonneaux
and Francois, 2003; Conrad et al., 2010; Son et al., 2014;Siachalou et al., 2015), or by explicitly deriving quantitative pheno-
logical metrics and building classification rules based on crop
calendar and phase-dependent crop conditions (Zhong et al.,
2011, 2012; Dong et al., 2015; Qin et al., 2015). Phenological met-
rics and have the advantage of bearing a physiological signification.
Consequently, rules built based on phenological metrics are more
robust than statistical methods, which are more dependent on
specific datasets and are therefore harder to generalize
(Simonneaux et al., 2008). Phenological stages derived from image
series are useful in crop discrimination in two aspects. First,
phenological stages could be directly used to separate crops with
distinct crop calendars. Second, when phenological stages are
available, it is possible to derive crop spectral properties at certain
phenological stages (Zhong et al., 2014). The mere use of phenolog-
ical stages may be subject to the inter-annual and inter-regional
variation of crop calendar. Under certain circumstances, the
dynamic of spectral properties offers more reliable measurements
to identify crop types. The use of phenology enables the cross-year
alignment of input data using phenological stages rather than orig-
inal imaging dates, reducing the influence of inter-annual variabil-
ity on the automated algorithm (Zhong et al., 2014). In the
development of an automated classification algorithm, the com-
parison of crop spectral characteristics should be undertaken at
specific phenological stages to minimize the impact of crop calen-
dar variation. In general, the use of remote sensing based phenol-
ogy information is capable of expediting the process of rule
development and improving the stability of rules over time and
space by utilizing interpretable metrics from image series.
The objective of this study was to present a robust automated
classification approach to map soybean and corn repeatedly, con-
sistently and efficiently at low cost. Building on previous work
(Zhong et al., 2014), we used phenological metrics in crop classifi-
cation for cross-year classifier extension, which applies a universal
set of rules to multiple years.
2. Materials and method
2.1. Study area
The study area is the state of Paraná in the south of Brazil.
Paraná occupies an area around 20 million hectares, with 399
administrative units at the municipal level (municipality). The
major climate type is subtropical to the north and temperate to
the south (Fig. 1).
Paraná was the main grain growing area of Brazil before the
reclamation of Amazon in recent decades. At present Paraná is
the second largest producer of soybean and corn in Brazil. In the
crop year 2013, soybean production of Paraná was about 16 mil-
lion tons, and corn production was about 17 million tons, account-
ing for about 20% and 22% of the national total, respectively.
In Paraná, soybean and corn are usually grown one or two sea-
sons. Soybean is mostly cultivated in the main season between the
spring and summer, approximately from October to April. A small
portion of soybean is grown later as the second crop (safrinha)
from February to June. Corn production occurs abundantly in both
seasons, with the first season roughly from September to April, and
the second season from February to August. The rotation between
soybean and corn is very common in the main croplands. Other
crops include wheat, sugarcane, dry beans, and so forth. Soybean
and corn comprise over 75% of the total area of annual crops or
over 90% of the total area in the summer.
2.2. MODIS
The primary input data were the MODerate-resolution Imaging
Spectroradiometer (MODIS) product MCD43A4, which offers nadir
Fig. 1. The state of Paraná, Brazil. Topography and municipal boundaries are displayed. Black dots represent locations of ground reference data in the crop year 2012 which
have higher density in cropped areas.
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spectral reflectance bands (Lucht et al., 2000; Schaaf et al., 2002).
MCD43A4 uses daily Terra and Aqua satellite overpasses to com-
pute reflectance within each 16-day period by an algorithm based
on the inversion of radiative transfer models. The algorithm adjusts
reflectance at local solar noon and reduces the effects of view angle
and anisotropic scattering. MCD43A4 reflectance is computed for
MODIS spectral bands 1–7 at 500 m resolution every eight days.
The reflectance product also comes with a detailed set of quality
information product MCD43A2. Therefore, MCD43A4 is a relatively
stable and consistent reflectance product which at the same time
offers acceptable resolution and frequency. It is directly used as
the primary input in the production of various land use maps like
the global MODIS Land Cover Product MCD12Q1 (Friedl et al.,
2010).
A crop year is defined by the harvest date and usually ranges
from the spring of the previous calendar year to the winter of
the current calendar year. For example, to include all crop growth
cycles in the crop year 2012, a time window of July 1st, 2011 to
November 1st, 2012 was used for image selection. For each crop
year, all MCD43A4 images within the time windowwere processed
into multi-spectral time series, and low-quality observations were
excluded based on per-pixel quality flags.
2.3. Retrieval of phenological stages
Phenological stages were retrieved from time series of crop
growth as the main input to the classification algorithm. Cropgrowth is characterized by the Enhanced Vegetation Index (EVI)
which is an optimized index to enhance the vegetation signal by
separating background signal and reducing atmospheric conditions
(Huete et al., 1997, 2002). EVI was found to be a suitable index
with sufficient sensitivity to crop growth in high biomass periods
in earlier phenology based classification efforts (Zhong et al.,
2014). Phenological stages were obtained by fitting a pre-defined
curve to each growth cycle in the EVI series. Asymmetric double
sigmoid function was selected as the curve function (Soudani
et al., 2008):
VðtÞ ¼ Vb þ 12Va½tanhðpðt  DiÞÞ  tanhðqðt  DdÞÞ ð1Þ
where V(t) is the EVI at time t and the unit of t is day of year (DOY).
Parameters derived from curve-fitting and their uses are described
in Table 1 and shown in Fig. 2. All parameters in Eq. (1) along with
D1 to D4 (Table 1) formed a group of input variables named
phenological.
In our tests, it was found that this curve-fitting method could
generally determine the shape of EVI profile even with partial-
season data when EVI just starts decreasing. In the middle of the
growing season, transition dates in the increasing segment
(D1, D2, and Di) can be precisely derived, and other metrics can
be reasonably estimated. Although curve-fitting results are better
with full season data available, it is also possible to retrieve pheno-
logical stages before the growing season ends for the purpose of
rapid mapping.
Table 1
Variables generated for phenology measurement and classification.
Variable Description Use in classification
Vb ‘‘Background” EVI value corresponding to the non-growing season Not used
Va The amplitude of EVI variation within the growing cycle Field crops have higher Va than natural vegetation. Average Va of soybean is
greater than corn
p, q Changing rate parameters of increasing and decreasing segments in
the cycle, respectively
Field crop cycles show fast EVI increase and decrease
Di, Dd Middle dates of segments when the increasing or decreasing rates
(first derivative) are maximum
Stable indicators of the dates of rapid growth and harvest
D1, D2, D3, D4 Four dates when the second derivative of the curve reaches local
maximum or minimum, representing starting and end dates of the two
segments (Fig. 2)
D1 and D4 are used as starting and end dates of the whole growing season
G14 The difference between D4 and D1, representing the length of growing
season
The range of G14 for field crops is relatively consistent. Soybean has slightly
shorter G14 than corn
RSWIR_Di MODIS band 6 (1628–1652 nm, shortwave infrared) reflectance at Di RSWIR_Di of soybean is slightly higher than corn. Pixels with very high RSWIR_Di
should be soybean, and very low RSWIR_Di should be corn, providing high-
confidence pixels for training
Fig. 2. An example of EVI time series (circle symbol) and the fitted curve (dashed
line) for a soybean field in the study area. Phenological variables are labeled.
154 L. Zhong et al. / ISPRS Journal of Photogrammetry and Remote Sensing 119 (2016) 151–1642.4. Spectral metrics at phenological stages
Spectral properties at certain phenological phases, which reveal
the internal physiological characteristics of crops, are relatively
consistent across regions and years. In this study, at each transition
date (D1 to D4), values of multi-spectral bands were determined by
linearly interpolating the time series. This group of variables,
termed pheno-spectral, are phenology-specific and include the
same bands as the MCD43A4 product.
2.5. Algorithm development
Our automated classification approach utilizes a set of decision
rules to identify crop types by making use of the separation power
of crop phenology and phenologically adjusted spectral properties.
The algorithm is not built directly on any specific data set so that
the mapping process can be performed rapidly year after year
without considering the conditions of the year of original develop-
ment. Compared to traditional methods which used data mining
tools to generate image-specific rules, we manually built simplified
rules by substantial expert input and intensive interpretation of
images and multi-dimensional plots to enhance the repeatability
of the algorithm and reduce the influence of noises. The process
of finalizing classification rules was conducted according to the
comparison between data and knowledge by iterations of trial
and error. We started with interpreting plots of phenological and
pheno-spectral variables for places that we are familiar with. Afteridentifying the general distribution of corn and soybean in the
multi-dimensional space of phenology-related variables, we
repeated examining plots of other sub-areas with less available
information or more crop mixture. By iterations of experiments,
we chose the rule structure and threshold values which can be uni-
versally applied to the whole state in all years. Thousands of plots
were reviewed for numerous combinations of input variables, sub-
areas, and years, and it is impossible to include all details in this
paper. An example is shown in Fig. 3, which demonstrates the pro-
cess of rule development based on phenological variables Di and Dd
for some study years. For conciseness, additional plots of more
municipalities in all study years are put in Appendix A. Municipal-
ities that evenly spread in the agricultural area of the state are
selected to represent soybean and corn under various crop condi-
tions. Campo Mourão (Fig. 3) and Pato Branco (Fig. A.2) are known
to be characterized by double cropping of soybean. São Jorge do
Ivaí (Fig. 3), Ubiratã (Fig. A.4), São Miguel do Iguaçu (Fig. A.5)
and Sertaneja (Fig. A.6) are dominated by the rotation of first soy-
bean and second corn, and the timing of planting second corn is
quite different (for example, second corn in Ubiratã is grown
earlier than the other municipalities). Soybean and corn mainly
in the first season and rarely in the second season in Guarapuava
(Fig. 3) and Carambeí (Fig. A.8), etc. These municipalities are listed
for the purpose of demonstration, and locations used in actual clas-
sifier development during the operational stage were far more than
them. The use of phenologically meaningful and consistent vari-
ables makes these plots relatively easy to comprehend and facili-
tates the identification of clusters of the main local crops on each
plot. Rules on Di and Dd were finalized after the area of test gradu-
ally extended to the whole state. In a similar manner, plots of other
variables were also used to develop rules and the decision tree
structure.
2.6. Mapping algorithm
The automated mapping was conducted based on rules in a
hierarchical manner (Fig. 4). Phenological variables, which repre-
sent the seasonal dynamic of EVI and stages of phenological tran-
sition during the growing period, are useful in the classification
of summer field crop cycles based on crop calendar. Due to the
inter-annual and inter-regional variability of crop calendar, we
used less restrictive rules on phenology to improve the algorithm
repeatability under different conditions. As a result, phenological
variables alone may not be sufficient to separate soybean and corn
cycles fully. To solve this problem, additional classification rules
were created based on pheno-spectral variables to utilize spectral
properties at specific stages to improve the separation. The hierar-
chical procedure is described in details in the following sections.
Fig. 3. Plots of variables show the process of developing classification rules that are consistent across regions and years. In this example, phenological variables Di and Dd,
which indicate period high biomass, are employed to create rules. Rows of plots are study years from 2012 to the first season of the crop year 2015. Columns are three
municipalities selected to represent various cropping patterns. Clusters of soybean and corn are labeled on the plots according to the knowledge of local crop conditions. Color
represents area in hectare. The complete set of plots in all municipalities and years is provided in Appendix A for conciseness. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
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Growing cycles consisting of increasing and decreasing slopes
in EVI profiles are an indicator of the general vegetation phenology
and type. Compared with forest and grassland, field crops like soy-
bean, corn, wheat and barley have shorter growing cycles. For
grassland, continuous rainfall may cause seasonal EVI peaks with
similar length to field crops, but the magnitude of EVI variation
is lower than cultivated land. Therefore, field crops were effectively
extracted using phenological variables. Pixels of field crops arelikely to have EVI cycles with higher p and q (sharper EVI slopes),
higher Va (greater EVI change in growing cycle), and lower Gid or
G14 (shorter growing season) values. We used rules p > 0.03,
q > 0.02, Va > 0.25, and 70 < G14 < 180 to identify field crop pixels.
In this study, we used loose rules based on phenological vari-
ables to reduce the influence of inter-annual or regional variability
of growing season. Only threshold values that are stable for all
years and all sub-areas were employed by the rules, making wide
ranges of phenological variables. As a result, soybean and corn
Fig. 4. Theprocedure of data processing and classification.MCD43Aproductswere used to produce EVI time series, fromwhich phenological variableswere derived. Pheno-spectral
variables were calculated by combining phenological variables andmulti-spectral bands. Phenological variables were first used to develop decision rules to identify crop cycles and
divide crop cycles into soybean, corn, and ‘‘soybean or corn”. For the uncertain type ‘‘soybean or corn”, high-confidence pixels were extracted based on rules on a pheno-spectral
variable. These high-confidence pixels were employed as the training data of maximum likelihood classifiers for individual municipalities to separate soybean and corn further.
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study area, corn usually has earlier progress than soybean, but
their phenology may not be separable. The difference in phenology
between soybean and corn sometimes has less magnitude than the
inter-annual or regional variability. If we applied very strict rules
on phenological variables such as the dates of certain growing
stages, these rules would possibly classify soybean and corn at a
high accuracy for a year or a sub-area but yield poor results for
another year or another sub-area with slightly different weather
and crop progress. To develop an automated classifier, universal
rules need to be established for all years by reviewing a large
amount of data (Thenkabail et al., 2009; Baraldi, 2011; Dong
et al., 2015), which drastically increase the difficulty compared to
most other classification methods that train different classifiers
for individual years.2.6.2. Field crops in summer
In general, there are three cropping seasons of field crops in the
study area. The first crop (first safra), or the main cropping season,
is from about September to April of the next calendar year, which
is the period with the best temperature and water conditions. The
second crop (second safra, or safrinha) starts from mid-summer
around February and could last until August. The third crop is
mainly grown in winter, approximately from May to October.
Single-, double- and triple-cropping are all observed in the study
area, and multiple-cropping cycles tend to be shorter than single-
cropping. Corn is only planted in the first and the second seasons
around summer. Soybean is also mainly planted in the first and
the second seasons, and third season soybean is very rare. Third
season field crops are mostly winter grains like wheat, barley,
and oat. Using phenological variables we focused on the first
(primary) and the second crops to map soybean and corn, and win-
ter crops were masked. We selected 100 < Di < 35 and
0 < Dd < 100 as the criteria for the first crop, and 35 < Di < 120
and 100 < Dd < 240 for the second crop.
Soybean and corn are dominant field crops in the first and the
second cropping seasons. Other crops like peanut and rice have
very low coverage. In some areas, dry bean is planted in the first
and the second cropping seasons and sometimes in the third
season with similar phenology to soybean. Even in these areas
soybean and corn still cover at least 90% of the cropland. Separat-
ing soybean and dry bean using an automated classifier is extre-
mely challenging. We may confuse dry bean with soybean, but
the influence is minimal because of the tiny area of dry bean.2.6.3. First soybean
For the phenology-based rules that are selected in previous sec-
tions, threshold values were refined individually for each cropping
season of soybean and corn. Within a cropping season, a field crop
pixel might be identified as ‘‘soybean”, ‘‘corn”, or ‘‘soybean or
corn”. Because our rules based on phenological variables are quite
loose with wide ranges, in this step a high proportion of pixels
were identified as the undetermined type ‘‘soybean or corn”, which
were to be separated later.
Soybean is usually grown in large fields, and crop management
is highly mechanized with great productivity. The peak EVI of
soybean is generally higher than corn. For the first cropping season
when weather conditions are relatively favorable, soybean pixels
tend to have Va > 0.27. Soybean is planted later than corn, and for
soybean the lower limit of Di was adjusted from 100 to 80.
Compared to corn, the growing season of soybean is warmer and
the length of the growing season is shorter, with G14 < 160. There-
fore, among field crops in the first cropping season the following
rules were used to further extract soybean pixels: Va > 0.27,
G14 < 160, and Di > 80.2.6.4. First corn
In the study area, the first corn is often planted as early as
September or even August when the temperature is still relatively
low. These early-planted corn fields are likely to have a long period
of growing. By November corn planting is usually completed, and
we used 10 as the upper limit of Di for corn. For field crops in
the first cropping season, the additional rule to identify first corn
is: Di < 10.
2.6.5. Second soybean
Soybean is mostly grown in the first season and second soybean
is very rare, about 5% of the second crop area and less than 3% of
the total soybean area. Second soybean cultivation is concentrated
in the highly cropped areas of southwest and midwest municipal-
ities. Similar to first soybean, second soybean is also unlikely to
have Va lower than 0.27. The harvest of second soybean is as early
as June because soybean cultivation from June 15th to September
15th is prohibited to limit the spread of soybean rust. Hence, the
growing season of second soybean is very short. Field crops in
the second cropping season are possibly second soybean if:
Va > 0.27, G14 < 140, and Dd < 180.
2.6.6. Second corn
Corn does not have a ‘‘crop free” period as soybean, so the
harvest of second corn could be as late as August or September.
A growing cycle is unlikely to be second corn if its length is less
than three months in a normal year. We used the rule of
G14 > 80, which is a loose constraint, to extract pixels that are pos-
sibly second corn from second season field crops.
2.6.7. Separation of soybean and corn
The variability in planting and maturing dates within the area is
substantial, depending on farm management factors such as mar-
ket, weather, soil conditions, and seed availability. As a result, in
the study area soybean and corn of the same season are not com-
pletely separable using universal rules on only phenological vari-
ables. In both the first and the second cropping seasons, a high
proportion of cropping cycles would be assigned the undetermined
type ‘‘soybean or corn” using the less restrictive rules from previ-
ous sections. This step is only applied for these cropping cycles
which cannot be exactly identified merely based on phenology.
We used crop spectral properties at certain phenological stages,
pheno-spectral metrics, to reduce the sensitivity of spectral signa-
ture to crop growth dynamic. Numerous combinations of spectral
bands/indices and phenological stages were tested. We found that
none of the combinations showed sufficient separability possibly
because the 500 m resolution obscures the spectral difference
between the two crops. The difference in the shortwave infrared
band (MODIS band 6, 1628–1652 nm, referred to as RSWIR) is the
most stable over time and space. Shortwave infrared reflectance
at 1400–1800 nm is very sensitive to canopy water content
(Jacquemoud et al., 2009). Soybean generally has a lower water
content in the growing season than corn according to previous
measurement and simulation experiments (Anderson et al., 2004;
Yilmaz et al., 2008). For the choice of phenological stages, we found
that Di was derived from the EVI time series by the curve-fitting
method at a relatively high accuracy, because Di is the date when
the first derivative of the curve reaches its maximum. Also, at Di
the cropland EVI is already at a high level, usually around 0.4, so
spectral signals of the field are mostly from crops rather than soil.
Due to all these concerns above, we selected the MODIS band 6
shortwave infrared reflectance at Di, referred to as RSWIR_Di, as the
pheno-spectral metric to improve the classification between soy-
bean and corn in this study.
As soybean and corn green up, EVI and canopy water content
increase rapidly while RSWIR drops due to the strong absorption
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RSWIR_Di of identified soybean clusters mostly varies from 0.21 to
0.35 depending on region and weather. Corn has higher water con-
tent, and RSWIR_Di is about 0.15–0.27. Soybean and corn are not fully
separable with RSWIR_Di, but it is possible to extract some pure soy-
bean and corn pixels at high confidence. For ‘‘soybean or corn” pix-
els, if RSWIR_Di is less than 0.21 the corresponding pixels are unlikely
to be soybean, and if RSWIR_Di is greater than 0.27 the pixels are
unlikely to be corn as far as we observed. In this way, high-
confidence soybean and corn pixels were automatically retrieved
for each municipality. We also have two assumptions on the statis-
tical distribution: (i) phenological variables follow a normal distri-
bution for each crop in a given municipality in a given year, and
(ii) phenological and pheno-spectral variables are independent.
The first assumption is likely to be valid because for a single
municipality in a year the inter-annual and inter-regional variabil-
ity of crop growth could be neglected. The second assumption is
also acceptable because we isolated phenological and spectral
measurements by adjusting image-specific spectral observations
to a fixed phenological stage (Di). Based on these assumptions,
extreme pixels selected in the dimension of RSWIR_Di still follow a
normal distribution in the phenological dimensions. Thus, we per-
formed maximum likelihood classification of soybean and corn for
each municipality in each year. The training data are high-
confidence soybean and corn pixels automatically extracted based
on RSWIR_Di, and variables used in the classification are phenological
variables which reflect local crop phenology and general growing
conditions. The process of automatic training data retrieval and
classification was conducted for individual municipalities sepa-
rately. The classification results of all municipalities were aggre-
gated to produce the soybean and corn map of the entire state.
2.7. Validation
Validation was conducted at two levels of spatial resolution.
First, the state of Paraná includes 399 administrative units at the
municipal level with an average size of 50,000 ha (Fig. 1). Statis-
tics of these numerous units provide knowledge of the spatial dis-
tribution in the whole state as well as great temporal continuity
from year to year, but the analysis was done for aggregated pixels
(a municipality is about 45 by 45 pixels on average) at a coarser
resolution. The second way of validation is at a finer resolution
based on field level reference points. For the year of the reference
data, accuracy assessment was performed based on a confusion
matrix. This type of detailed validation is unavailable in other years
due to the lack of reference data. Both sets of data for validation are
independent of the classifier development process.
2.7.1. Comparison with official statistical data
Since 2002, the Brazilian Institute of Geography and Statistics
(Instituto Brasileiro de Geografia e Estatística, IBGE) has been
releasing agricultural production statistics at the municipal level
every crop year (http://downloads.ibge.gov.br/downloads_estatis-
ticas.htm). Statistics such as planted area, harvested area, yield,
production and economic value are provided for individual crop
commodities including soybean and corn. By our project time the
latest available statistical data set is the crop year 2013 (checked
in August 2015). We compared IBGE harvested area in crop years
2010–2013 to the municipal-level cropped area from our maps.
Three sets of harvested area are available from IBGE data: soybean,
first corn, and second corn. We also included the total area of soy-
bean and corn (soybean + first corn + second corn) in the compari-
son. The coefficient of determination (R2) was calculated for each
item in each year to represent the goodness of the linear relation-
ship between cropped areas from classification maps and statisti-
cal data. We also used Willmott’s index of agreement (d) as ameasurement of the agreement between the two sets of areas of
individual municipalities:
d ¼ 1
Pn
i¼1ðAi;map  Ai;statÞ2Pn
i¼1ðjAi;map  Astatj þ jAi;stat  AstatjÞ
2 ð2Þ
where Ai,map and Ai,stat are the cropped area of municipality i from
classification maps and statistics, respectively; and Astat is the mean
value of statistics among all municipalities. The index of agreement
measures how close the data points are to the 1:1 line, which varies
between 0 (complete disagreement) and 1 (perfect agreement)
(Willmott, 1981).
Wealsocalculated theRootMeanSquaredError (RMSE) toexpress
the magnitude of the error. Because municipalities differ in size, the
relative measure of cropped percentage was used rather than the
absolute cropped area. The croppedpercentage is the ratio of cropped
area over the total area of eachmunicipality. The equation of RMSE is:
RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
i¼1ðPi;map  Pi;statÞ
2
r
ð3Þ
where Pi,map and Pi,stat are the cropped percentage of municipality i
from classification maps and statistics, respectively. Classification
error represented by RMSE has the same unit as the cropped
percentage.
2.7.2. Accuracy assessment with a confusion matrix
Reference data were collected during the crop year 2012. Refer-
ence data points were mostly along main roads, and almost the
entire state was covered. In total, 500 points from more than
100 municipalities were collected, and the land use type (soybean,
corn, or other) was recorded (Fig. 1). The majority (304) of 384 soy-
bean and corn points were from the first season, and 80 points
were obtained during the early second season. The type ‘‘other”
refers to all land cover types other than soybean and corn. In gen-
eral, phenology-based rules easily identified uncultivated lands
like natural vegetation and urban areas as shown in maps in the
result section. To focus accuracy assessment on cropland and keep
the numbers of the three types in the validation data set balanced,
during the data collection along main roads we skipped lands that
are unlikely to be cultivated. A confusion matrix was created to
evaluate the goodness of the classification with overall accuracy,
producer’s accuracy, user’s accuracy, etc.
3. Result
3.1. Classification maps
Crop maps in the study years were produced for the first and
the second seasons respectively, shown in Fig. 5. The crop year
2015 only has the map of the first season. The spatial distribution
of crops in the maps is consistent with the general patterns of land
use in the state of Paraná. First season soybean followed by second
season corn is the dominant double-cropping practice. Most large
soybean and corn fields are concentrated in the plain area from
the west to the north of the state, and fields are patchier in the
south where the terrain is more complex. The distribution is coher-
ent across study years, as a result of the combinations of climate,
soil type, and water availability in the state.
3.2. Comparison with official statistical data
The coefficient of determination (R2), index of agreement (d)
and RMSE were used to indicate the agreement between the
cropped area or the cropped percentage from classification maps
and IBGE statistics (Table 2). The agreement for soybean and sec-
ond season corn was high with R2 greater than or around 0.9 and
Fig. 5. Crop maps of soybean and corn in the study years produced by the automated classifier.
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Table 2
Coefficients of determination (R2) between the areas from classification maps and
IBGE statistics.
Year Soybean First corn Second corn All
2010 R2 0.958 0.695 0.930 0.954
d 0.977 0.861 0.977 0.979
RMSE 7.8% 4.7% 5.7% 12.3%
2011 R2 0.946 0.530 0.947 0.956
d 0.969 0.753 0.971 0.969
RMSE 9.9% 7.3% 6.7% 14.3%
2012 R2 0.938 0.687 0.965 0.954
d 0.972 0.863 0.983 0.976
RMSE 10.7% 5.0% 6.6% 16.0%
2013 R2 0.947 0.504 0.891 0.951
d 0.968 0.737 0.964 0.975
RMSE 9.4% 7.6% 8.8% 16.2%
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0.5 to 0.7, indicating moderate agreement. The R2 and d values
were high for the total area of soybean and corn, because classifi-
cation errors mostly occurred between soybean and corn, and the
first season corn, the most problematic class, only has a relatively
small area. RMSE values suggest that at the municipal level soy-
bean area might be mapped with 7.8–10.7% error. The relative
error is smaller for first corn (4.7–7.6%) and second corn (5.7–
8.8%) because the cropped percentage of corn is generally lower
than soybean in the state.
Total areas of the three crops were compared between official
statistics and maps (Fig. 6). Soybean was mostly over-estimated.
This is consistent with our observations that in the vast, flat, and
highly mechanized soybean fields, non-crop lands at field edges
tend to be classified as soybean. Examples will be given in the dis-
cussion section. 2012 is an exception possibly because crop growth
was impacted by the drought of La Nina. Some soybean fields were
not able to complete the growth cycle normally, resulting in irreg-
ular time series that were not identified by the automated algo-
rithm. 2011 was another La Nina year, but the influence on
seasonal precipitation was mild.3.3. Confusion matrix
Accuracy assessment of soybean and corn maps was conducted
using the reference data, and the results indicated that the 2012Fig. 6. The total area of soybean, first corn and second corn from ofmap had a high accuracy of 87.2% and Kappa coefficient of 0.804
(Table 3). The accuracy suggests that the classification map agrees
well with the reference data, and maps in other years from the
same automated classifier are likely to be similarly reliable. It
should be noticed that the accuracy mostly represents the classifi-
cation result of large cropland parcels because these parcels have
more chances to be observed and recorded along major roads.
Small and patchy cropland parcels in complex terrain present a
challenge to cropland mapping at the 500 m resolution, for which
we have relatively less knowledge. In the reference dataset, many
small soybean and corn fields were not successfully identified
because of mixed pixels, which is one of the main reasons for the
confusion. Another main source of classification error was corn
fields that were misclassified as soybean. Such confusions possibly
resulted from the relatively high shortwave infrared reflectance of
these corn fields caused by water stress or neighboring fields.4. Discussion
4.1. Automated classification rules
The study is the first to apply an automated classification
method to the mapping of soybean and corn in subtropical and
temperate South America. The greatest advantage of the auto-
mated algorithm is the ability to map croplands rapidly at low cost
on independent data sources year by year. When completed, the
automated algorithm could be run repeatedly over years without
further need for re-training or re-calibration, which makes the rou-
tine mapping process very economical. The algorithm in this paper
is ready for immediate implementation, requiring no additional
data or efforts. The data processing time is very short when passing
all pixels through the simple-structure decision tree and other
steps. In addition, there is no need to collect training data every
year, making it very timely and labor-efficient for a large area.
When transferred to a new region, classification rules need to be
changed, but the existing decision tree structure may still be useful
and rules may only need some slight and comprehensible adjust-
ments especially when the two areas have similar crop phenology.
In the development stage, the automated method requires a
long time and intensive efforts spent on building classification
rules. Expert knowledge and experience on local agricultural prac-
tices are employed to isolate the special physical characteristics official statistics and maps produced by the automated approach.
Table 3
The confusion matrix of the 2012 crop map validated by reference data.
Reference class Map class Total Producer’s accuracy
Other Corn Soybean
Other 111 2 3 116 95.7%
Corn 11 136 27 174 78.2%
Soybean 15 6 189 210 90.0%
Total 137 144 219 500
User’s accuracy 81.0% 94.4% 86.3%
Overall accuracy 87.2%
Kappa coefficient 0.804
Fig. 7. Examples of mixed pixels and classification results. The upper row is high-resolution images from Google Earth and the lower row includes the corresponding
classification maps. The green color is soybean, blue is corn, and gray is other. (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)
L. Zhong et al. / ISPRS Journal of Photogrammetry and Remote Sensing 119 (2016) 151–164 161land features from the inter-annual and inter-regional variability
of spectral signals. To improve the efficiency of algorithm develop-
ment, we derived phenology-related variables from original image
time series. Phenological properties from multi-temporal remote
sensing are closely connected to local crop calendars and can be
utilized to build rules that are consistent across years. Spectral
properties at certain phenological stages are independent of imag-
ing dates and can be used to reveal the inherent optical nature of a
specific crop for effective identification.
Independent of the year, the automated method can construct a
long and consistent historical record of cropland use based on con-
tinuous missions like MODIS, Landsat, etc. Traditionally the accu-
racy of a land use classification series is likely to be variable and
affected by (i) classifier, (ii) reference data, and (iii) availability of
high-quality data. The automated classification method eliminates
the variability from different classifiers and reference data sets. The
advanced methods of image preprocessing and quality assessment,
such as the model inversion method by MCD43 and the LEPDAPS
algorithm for Landsat imagery (Masek et al., 2006), have greatly
reduced the temporal inconsistency of the image time series. The
rule-based automated classifier, built mainly based on knowledge
rather than machine-learning methods, only uses variables with
known physical meaning, and thus reduces the influence of over-
fitting or a biased training set. As new platforms and new image
records keep emerging today, the automated classification method
is advantageous for the production of a consistent classificationmap series, which facilitates the quantitative analysis of cropland
dynamics.
4.2. Issues involving classification accuracy
At the 500 m spatial resolution of MCD43A4, the effect of mixed
pixels plays an important role in classification accuracy. Based on
the comparison between classification maps and reference data,
we found that classification bias (overestimation or underestima-
tion) highly depended on the diverse patterns of pixel mixing
across regions. In heavily-cropped regions, many mixed pixels
are dominated by crops and were identified as cropland due to
the strong vegetation signals of crops, causing over-estimation of
crop area. For example, buildings and trees in the center of Fig. 7
(a), residential areas and grassland on the lower-right part of
Fig. 7(b), and the forest along a creek on the upper-left part of
Fig. 7(c), were all included in the continuous cropland in the corre-
sponding classification maps. This type of confusion mostly occurs
on the flat land in the north and west of the state, where soybean
and corn fields are large and the environment is suitable for mech-
anized agricultural production and transport. By contrast, in hilly
areas soybean and corn fields tend to be small and scattered,
surrounded by dense natural vegetation like forests or tall bushes
with a much longer leafy season. Croplands adjacent to natural
vegetation will show strong vegetation signals during the
non-growing season due to mixed pixel effect, resulting in flatter
Fig. 8. The relationship between classification bias and the mean slope of individual municipalities. Classification bias is quantified as the crop cover percentage from maps
minus that from statistics. Only municipalities with a relatively high cover percentage of the corresponding crop type are included. In general, the higher the mean slope
(more complex terrain), the higher chance to under-estimate the crop percentage, and vice versa.
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the automated algorithm. In Fig. 7(d), the high proportion of forests
obscures the temporal and spectral signal of small soybean fields,
making them unclassified or misclassified as corn (the pixel in
the lower-middle part). Similarly, in Fig. 7(e), corn fields that scat-
ter among forests were mostly unidentified except a few larger
ones on the left side of the image.
Because of the 500 resolution and the scale of homogeneous
land cover in the study area, most pixels are mixed to some extent.
Usually the temporal and spectral properties of the mixed pixel are
determined by the dominant component, but the pattern of mixing
is unclear when components have similar proportions, calling forfurther quantitative analysis. When applying our automated classi-
fication approach, we observed that the contribution of dense nat-
ural vegetation to mixed pixels outweighs that of crops, in
particular for areas with complex terrain where crop production
is not optimal. In hilly areas dense natural vegetation has relatively
strong vegetation signals, and sometimes even a small proportion
of natural vegetation will completely alter the temporal profiles
of crop EVI. This is similar to the phenomenon found by Bolton
and Friedl (2013), that the small presence of sub-pixel natural veg-
etation would affect the detection of soybean and corn phenology
in Wisconsin, US. This also possibly explains why first corn has a
lower agreement between mapping results and official statistics
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productivity is the highest, preference is given to soybean cultiva-
tion because of the higher economic profit. Corn then becomes a
good choice in the second season to prevent soybean rust, making
soybean-corn the most common rotation in the state. As a result, in
the first season corn is mostly grown in more hilly areas with less
favorable conditions, generating many small and patchy corn fields
which are affected more by mixed pixels than other crops. There-
fore, in areas with scattered cropland, our classification maps are
able to show the distribution of crops while the total cropland area
should be used with caution.
Because of the difference in pixel mixing between plain and
hilly areas, classification bias is affected by terrain complexity. In
our analysis shown in Fig. 8, terrain complexity is represented by
the mean slope of each municipality. Classification bias was calcu-
lated as the difference in crop cover percentage between maps and
official statistics. Municipalities with a very low crop cover were
excluded from the analysis to avoid the influence of other factors.
These plots show a moderate relationship that over-estimation is
more likely to occur in flatter areas, which is consistent with our
observations.
In Brazil, the state of Paraná and other states in the south have a
relatively long history of reclamation and agricultural production.
Soybean and corn production is concentrated in flat areas as almost
continuous cropland. In places under rapid agricultural land con-
version like the Amazon, the pattern of pixel mixing may differ.
According to the law, 65% of the native land is allowed to be con-
verted to field crops in the cerrado (tropical savanna) ecosystem
and 20% in the Amazon ecosystem, and the remaining land should
be preserved. Hence, in newly-converted croplands, crops and nat-
ural vegetation are likely to be mixed. The effect of mixed pixels
may play a different role in the mapping of tropical states like Mato
Grosso.5. Conclusion
In this study, we have presented a new automated approach to
map soybean and corn in the state of Paraná, which is the second
largest production state of Brazil and a good representative of tem-
perate and subtropical cropland over the broad area near the
boundary of Brazil, Argentina, Uruguay, and Paraguay. The most
attractive feature of the automated approach is that it reduces
the need to collect additional reference data or re-train the algo-
rithm, greatly lowering the cost of cropland mapping. This is espe-
cially important for South America where reference data are often
too scarce to routinely apply the supervised classification method.
Variables related to phenology and spectral features at certain phe-
nological stages were utilized as measurements that reflect the
nature of crop types and remain stable over time and space. A sim-
ple and robust classification algorithm was developed to take into
account prior knowledge on crop calendar and spectral properties
of crop canopy. Resultant crop maps presented consistent patterns
for the spatial distribution of soybean and corn across multiple
years. The cropped area from the maps has a higher agreement
for soybean than for corn when compared to the official statistics.
The success of the initial application in South America using the
automated approach is encouraging, given the potential of extend-
ing the algorithm to other crop types and other remotely sensed
data. To identify more crop types in other areas, expert knowledge
on local agricultural practices, crop growth modeling, and crop
spectral monitoring and simulation (Jacquemoud et al., 2009) are
the main factors to consider when defining classification rules.
For regions with smaller crop parcels, the extended automated
approach may improve the spatial resolution by incorporating
images from new platforms. Sensors onboard existing and plannedsatellites like Landsat and Sentinel-2 offer similar optical bands to
MODIS but at a much higher spatial resolution. Because the auto-
mated algorithm is not image-specific, it is scalable to utilize these
datasets with minimal revisions. Although the image time series
from a single platform are usually not dense enough to retrieve
phenology, the combined use of images from multiple satellites
may increase the imaging frequency and improve the spatial reso-
lution of cropland products generated by the automated method.
We are confident that the automated method will have more
potential applications as the technique of data retrieval and pro-
cessing advances.
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